Background: The data from longitudinal complex surveys based on multi-stage sampling designs contain cross-sectional dependencies among units due to clustered nature of the data and within-subject dependencies due to repeated measurements. Special statistical methods are required to analyze longitudinal complex survey data.
Background
A methodological introduction to the statistical models Statistics Canada has engaged in conducting large scale longitudinal surveys [1] over long periods of time. The selection of the sample of individuals who participate in such surveys is based on complex multi-stage sampling designs. Participants in these surveys have repeated measurements on the response variables of interest and several covariates over time, which lead to the dependent observations, as encountered in standard longitudinal studies [2] . The complex multi-stage sampling designs used for these longitudinal surveys also contain cross-sectional dependencies among units (caused by inherent hierarchies in the data) in addition to the within-subject dependencies due to repeated measurements. The three important characteristics of multi-stage complex surveys are stratification, clustering and unequal probability of selection, which should be accounted for at the analysis stage in order to obtain valid estimates of regression coefficients and their standard errors. As previously reported [3, 4] for longitudinal dichotomous outcome, modelbased analytical approach of complex survey data sets ignores stratification and clustering and may lead to biased results. In contrast, design-based analytical approach accounts for stratification and clustering by computing robust variance estimates. In this report we extended the statistical modeling of dichotomous outcome data [4] to polytomous outcome data obtained from longitudinal complex surveys. Polytomous ordinal outcomes can be treated as an extension of binary outcomes; however logistic regression models for binary outcomes extended to analyze ordinal outcomes face a number of issues specific to the ordinal case [5, 6] . For a polytomous ordinal outcome, the most popular model is the logit model based on the concept of cumulative logits. Two different sets of models for ordinal outcome were utilized in this article. The first set of models (known as model-based) was based on the assumption that the study design involved only subject-level clustering due to repeated measurements and was based on the Generalized Estimating Equations (GEEs) approach [7, 8] , thus ignoring the complexities of the survey design. The second set of models (known as design-based) was based on the assumption that the study-design was a complex survey and incorporated complexities of the design in addition to the subject-level clustering which was an assumption for the first set of models. For the second set of models, the GEEs approach was used for the parameter coefficients estimation and complexities of the design (stratification and clustering) were incorporated via appropriate variance estimation approaches. The two commonly used approaches for producing variance estimates for estimated regression coefficients are, the analytical technique [9, 10] and a replication approach [9, 11] . The bootstrap method based on the replication approach was used in this article for the variance estimation.
An application: Association between non-malignant respiratory diseases and mental health
Many etiologies have been proposed to investigate the relationship between asthma and mental health, and according to some researchers asthma develops in reaction to mental health problems, while others have proposed that depression develops in reaction to asthma [12] . It has been shown that patients diagnosed with lifetime severe asthma are more likely to have increased risk of many mental disorders, such as anxiety disorder, panic disorder, panic attacks, social phobia and specific phobia, generalized anxiety disorder and bipolar disorder [13] . A recent study based on survey conducted as a part of Centers for Disease Control and Prevention 2004 Behavioral Risk Factor Surveillance System reported that there exists an interaction among income, race/ethnicity, and asthma on mental health outcomes [14] . Chun et al. investigated the relationship between current asthma and mental health in the US population sample obtained from the 2006 Behavioral Risk Factor Surveillance System survey, and reported that there is a dose-response relationship between asthma and mental health [15] .
Results based on a population-based prospective study of Dutch employees revealed that employees with the presence of chronic bronchitis were more likely to develop anxiety, and as well as depression compared to employees without these respiratory complaints [16] . Wagena et al. investigated whether or not there is an interaction among the presence of chronic bronchitis, smoking cigarettes, and psychiatric disorders [17] . Based on their data, the authors reported that smoking cigarettes is an effect modifier in the relationship between the presence of chronic bronchitis and depression and anxiety [17] . Their findings suggested that the risk for depression and anxiety increased in employees with chronic bronchitis who currently smoked or used to smoke compared to non-smokers.
Many indicators of mental health status are measured on ordinal scales. Statistics Canada's longitudinal NPHS provided a wealth of new data, which allowed us to investigate the effects of demographic variables, social, life-style, health-related and other factors on the longitudinal changes of mental distress scores among the NPHS participants who self-reported physician diagnosed respiratory diseases, specifically asthma and chronic bronchitis.
The two objectives of this manuscript are: (i) to compare the two approaches (model vs. design-based) commonly used to analyze complex survey data, and (ii) to apply these techniques to analyze real life polytomous outcome data obtained from the longitudinal complex survey in order to investigate the relationship between mental distress and non-malignant respiratory diseases.
Methods

Study Population
The Canadian NPHS was launched in the mid 90's [1] . (1994/1995) . NPHS is a sample survey with a cross-sectional design and a longitudinal follow-up. A stratified multi-stage sampling design was used to collect data from all the provinces except for Quebec. Details of this sampling design can be found elsewhere [18, 19] . Briefly, each province was divided into three types of areas: Major Urban Centres, Urban Towns and Rural Areas. From each area separate geographic and/or socioeconomic strata were formed. In most strata, clusters were selected with probability proportional to size (PPS). The sample of dwellings was obtained from these sample clusters. For Quebec: the province was divided geographically by crossing fifteen health areas with four urban density classes (the Montreal Census Metropolitan Area, regional capitals, small urban agglomerations, and the rural sector). In each area, clusters were defined using socio-economic characteristics and selected using a PPS sample. Selected clusters were enumerated and random samples of their dwellings were drawn: ten per cluster in major cities, twenty or thirty elsewhere.
In every participating household, one person provided demographic, socio-economic and health information about each household member for the general component of the survey. One randomly selected individual was chosen to provide in-depth information about his or her own health for the health component of the survey, and was followed for the longitudinal component of the survey [18, 19] . This group of individuals will be surveyed every two years in future until 2014. For this report we used a subsample of NPHS who are 15 years and older and sample size of n = 14,713.
Statistical models
Ordered logistic regression models [4, 20] were used to predict the relationship between an ordinal mental distress outcome and a set of explanatory variables.
where β 0l (l = 1,2) are the intercepts and β i 's are regression coefficients for the covariates and . represents time-dependent i th covariate for j th subject at k th cycle (k = 1,2, ..., 5). represents time-independent i th covariate for j th subject measured at the baseline. β 01 is the intercept for log odds of having high distress versus moderate or no/low distress and β 02 is the intercept of log odds of having high or moderate distress vs. no/low distress. The basic assumption made to conduct this type of analysis was that the regression lines for the different outcome categories were parallel to each other but were allowed to have different intercepts. This assumption was satisfied when tested by a graphical method [21] .
Estimation of regression coefficients
The SAS procedure PROC GENMOD [20] was used to fit the multivariable model in order to determine the significant predictors of mental distress. The longitudinal weight variable computed by the methodologists of Statistics Canada was used in the WEIGHT statement of SAS syntax. Currently, for ordinal outcome SAS PROC GENMOD has only one option available for specifying the within subject correlation and that is 'independent". The estimates of regression coefficients for the ordinal logistic regression model given in equation (1) above were obtained by solving the set of score equations based on multivariate quasilikelihood approach [5, 6] modified for complex survey designs using the weight variable.
Variance estimation
Robust Variance estimation based on the GEEs and not accounting for the design (model-based variance estimation). Robust variance estimation in GENMOD is based on Zeger and Liang's method [5, 6] which accounts only for the within-subject dependencies due to the repeated measurements over time. The variance estimation was based on the formula given by Liang and Zeger [5, 6] .
Survey Bootstrap for Variance Estimation accounting for the design complexities
(design-based variance estimation). Statistics Canada releases design information for variance estimation only in the form of bootstrap weights: cross-sectional weights and longitudinal weights (adjusted for non-response) that have been created from taking numerous bootstrap samples of primary sampling units from the original sample. Computation of replicate survey weights is done by the methodologists of Statistics Canada who are most familiar with the survey design and the computation of weights [22] . A Bootstrap replication method was used that made appropriate use of these longitudinal bootstrap weights log probability category l or lower probability c
for the variance estimation of regression estimates. To account for the complexities of the multi-stage stratified clustered design the BOOTVAR program which was originally developed by Statistics Canada and modified by Lam (Lam M: Personal Communication) was used for the variance estimation.
Prediction of probabilities for three different mental distress categories
Once the model was fitted, the following two predictive models were used to determine the predicted probabilities for: i) high mental distress category (p 1 ); ii) moderate mental distress category (p 2 ) and iii) no/low distress category (p 3 )
Total probability attributable to the three distress categories is equal to 1, i.e.
Equations (2) to (4) were solved to estimate probabilities p 1 , p 2 , and p 3 .
Application to Longitudinal NPHS Data
The NPHS includes a set of questions designed to determine/investigate the mental health of NPHS participants. In this report, we used mental distress as a measure of mental health. The data on participants 15 years and older who participated from cycle 1 through cycle 5 (1994/1995 to 2002/2003) were used in this analysis. The age distribution of these study participants at the baseline [23] are given in Table 1 . The variables used for the analysis are defined below and the NPHS questions used to define these variables are given in Appendix I (see additional file 1).
Dependent Variable
The mental distress variable was derived from a set of questions designed by Kessler et al. [24, 25] , and distress is defined as:
'Distress, as measured in the 1994/1995 NPHS, is a state characterized by symptoms of anxiety and depression. Amount of distress was assessed by a six-item symptom checklist yielding a score of 0-24 [26] .
Distress, an ordinal outcome variable was examined using a six-item scale that assessed feelings of i) sadness, ii) nervousness, iii) restlessness, iv) hopelessness, v) worthlessness and vi) the feeling that everything was an effort within the previous month. The variable "distress scale" is based on the work of Kessler and Morczek [25] and was derived from the Composite International Diagnostic Interview. Scores on the distress scales ranged from 0 (no distress) to 24 (highly distressed). The distribution of the distress score based on six-item scale was highly skewed for the Canadian population, therefore it was not appropriate to use it as a continuous outcome. Based on previous research [26, 27] and based on the suggestions of a geriatric psychiatrist, we categorized the outcome variable into three categories: i) no or low distress: 0-5; ii) moderate distress: 6-12; and iii) high distress: 13-24.
Independent variables
Mental health is interplay among several factors, such as: demographic; socio-economic, social-support, health related, time of study and interactions between them. In this report the following variables were considered as independent variables:
Main risk factors of interest presence or absence of asthma, presence or absence of chronic bronchitis. Participants were asked whether or not they have been diagnosed with one of the following chronic conditions (see additional file 1). These two variables were based on the question: have you ever been diagnosed by a health care provider with any of the following conditions:
(ii) chronic bronchitis These two variables are time dependent.
log predicted probability of high distress predicted probabi l lity of moderate or no low distress
log predicted probability of high or moderate distress predi c cted probability of no low disress X Socio-economic status variables consist of education and income. Education (a time-dependent variable) was a dichotomous variable with two categories: education received less than or equal to12 years and education received greater than 12 years. Income (a time-dependent) was divided into three categories based on the work of Wang and EI-Gebaly [29] .
Social Support variables (a time-independent) consist of perceived social support (range: 0-12) and social involvement score (range: 0-8). The perceived social support score is computed using four questions that reflect whether respondents feel that they have someone they can confide in, someone they can count on, someone who can give them advice and someone who makes them feel loved. Social support score was divided into three categories: low (0-2); moderate (3-5); and high (6-12) for analysis. The social involvement score was divided into three categories: low (0-1); moderate (2-4); and high (5) (6) (7) (8) . This score was based on two questions: frequency of participation in organizations and frequency of attending religious services.
Life-style variables consist of participant's personal smoking history (a time-dependent variable) and household smoking status (a time-dependent variable). Personal smoking history was divided into three categories, nonsmokers, ex-smokers and current smoker. Household smoking status was a dichotomous variable indicating presence or absence of smokers within a household.
Health related variable (time-dependent variable) consists of a self-perceived general health status, which had five categories: poor, fair, good, vary good and excellent (reference category: excellent). Four dummy variables for 'Cycle' were used to study the effect of time on mental distress.
Results
Our study population (n = 14,713) consisted of the longitudinal sample of NPHS. At the baseline, 78.2% were classified with no/low distress, 19.4% with moderate distress and 2.4% with high distress. The pattern of distribution of participants in each of the five cycles is given in Table 2 .
Baseline characteristics stratified by mental distress categories
The baseline characteristics of the study population in terms of un-weighted and weighted proportions are given in additional file 2. Based on weighted proportions, higher proportions in the moderate or high level distress categories were observed for i) respondents who selfreported asthma or chronic bronchitis that have been diagnosed by a health professional; ii) younger respondents; iii) females; iv) non-white people; v) widowed/separated/divorced or single respondents; vi) immigrants; vii) respondents living in urban areas; viii) respondents from Atlantic and Quebec regions; ix) respondents in low and middle income categories; x) respondents with low education (= 12 years); xi) respondents with low social involvement score; xii) current smokers; xiii) respondents exposed to smoke within household; and xiv) respondents with 'poor' self-perceived health status.
Unadjusted Odds ratios
The strength of relationship between mental distress and each of the independent variables based on the GEEs approach is presented as an estimate of odds ratio (OR) and 95% confidence interval (95% CI) in Table 3 and are described below.
Non-malignant Respiratory Diseases and Mental Distress
Respondent who self-reported a physician diagnosed asthma or chronic bronchitis were more likely to have mental distress compared to those who said no to either of these chronic conditions.
Demographic variables and mental distress
There was a dose-response relationship between age groups and mental distress with a risk of high-level distress decreasing with age [OR = 
Multivariable Model
Additional file 3 summarizes the results from the multivariable model to assess the relationship between nonmalignant respiratory diseases and mental health adjusting for important covariates: demographic, socio-economic, social-support, lifestyle, self-perceived general health status and time (cycle) and the effects of interactions using the generalized estimating equations approach. These covariates for the multivariable model were selected based on standard model building strategies [30] . The standard errors of regression coefficients were first computed by using two variance estimation methods; first based on the sandwich estimator formula given by Liang and Zegar [5] , which ignores the design complexities (known as model-based methods), and second based on the bootstrap re-sampling technique, which accounts for the complexities of stratified multi-stage design (known as design based methods) were computed. The standard errors obtained by the two methods were very similar. The results based on bootstrap variance estima- tion were used to interpret the effect of each independent variable adjusting for other covariates as described below.
The main risk factor of interest was non-malignant respiratory diseases (asthma or chronic bronchitis). The NPHS participants who said 'yes' to physician-diagnosed asthma were not at a high risk of mental distress when adjusted for important covariates. Participants suffering with chronic bronchitis were significantly at a higher risk (OR adj = 1.37; 95% CI: 1. Various interaction terms were tested in the multivariable model for statistical significance. The following interaction terms: education*income (p < 0.1), general healthstatus*sex (p < 0.05), and general health-status*household smoking (p < 0.1) were retained in the final model. The interactions education*income and general healthstatus*household were considered scientifically important and were kept in the model. The overall odds ratios for educational level ≤ 12 years*low income, educational level ≤ 12 years *middle income indicate that participants in these two categories were more likely to have had high distress compared to those who had high income and more than 12 years of education. In summary, low income is the strongest risk factor to predict mental distress; however education modifies the relationship between income and education (with borderline significance).
Female participants with self-perceived 'poor' health were at the highest risk (overall OR adj = 43.91) to have had high distress, followed by female participants with self-perceived 'fair' (overall OR adj = 11.85), 'good' (overall OR adj = 4.96) and 'very good' (overall OR adj = 2.36) general health status compared to the male participants with 'excellent' self-perceived general health status. Participants who were exposed to smoking within their household and had selfperceived 'poor' health status were at the highest risk (overall OR adj = 22.22) followed by those who were exposed to cigarette smoke at home and had 'fair' (overall OR adj = 7.3), 'good' (overall OR adj = 2.75) and 'very good' (overall OR adj = 1.71) health compared to males with 'excellent' general health status.
The predicted probability of developing no/low, moderate or high distress adjusting for other covariates is shown in Figures 1 and 2 . The risk of developing any level of distress was higher in those participants who self-reported health-care professional diagnosed asthma or chronic bronchitis compared to those who did not self-report these conditions.
Discussion
Issues related to longitudinal complex survey data sets There are several issues related to complex survey data analysis. First, participants in these surveys have repeated measurements of the response variables of interest and several covariates over time, which lead to the dependent observations and similar challenges of analyzing these data as encountered in standard longitudinal studies [2] . Second, the complex multi-stage sampling designs used for these longitudinal surveys also contain cross-sectional dependencies among units (caused by inherent hierarchies in the data) in addition to the within-subject dependencies due to repeated measurements, which make the statistical analyses of these data sets intricate. Third, it is very common to have missing values in longitudinal surveys. In the NPHS, several methods were used by interviewers to trace non-respondents. Non-response was mainly due to no contact or refusal by the participant. Letters were sent, second calls were made and refusals were followed up by senior interviewers to try to convince nonresponders to participate. A large number of non-responders were followed up in subsequent collection periods. A detailed description can be found in Statistics Canada documentation for longitudinal surveys [1] . Missingness is an important characteristic of longitudinal studies. In this article, statistical methods used were based on the assumption that all observations were missing at random. In complex surveys it is possible to have clusters of missing data, and accounting for such clusters is a complicated and an entirely different issue, which will be attempted in another manuscript. Fourth, issues related to stratification and clustering, which are characteristics of multi-stage complex surveys. Stratification increases the variability and thus provides more precise variance estimates, while clustering decreases variability and thus variance estimates are less precise. Overall, the multi-stage design has the effect of increasing variability, thus variance estimates (if not adjusted for design complexities) are less precise compared to simple random sampling. Even though there are problems for variance estimates, the main two reasons for the popularity or acceptance of complex survey designs are that these surveys are efficient for interviewing and have better coverage of the entire region of interest [31] .
Around 1970, investigators started to account for design effects in the statistical modeling via robust variance estimation procedures [32] . Coefficients of regression parameters are affected by the weights; therefore the weight variable was used to obtain consistent and valid estimates of regression parameters. An approximate method (bootstrap) was used to account for clustering and stratification, which affect variance estimates of the parameter coefficients. The approximate methods for variance estimation have been becoming popular for cross-sectional and longitudinal complex survey data analysis, and their properties have been investigated theoretically and empirically [33] . In our report, the GEE variance estimates were similar to those obtained from using the bootstrap method, which supports the following statement: 'Design-based approach reduces to the Liang-Zeger "Sandwich" estimator for longitudinal samples when the longitudinal units are independent' [33] . The data utilized for illustration in the present report is collected by Statistics Canada by using multi-stage complex survey design to conduct the longitudinal National Population Health survey. Data sets obtained from longitudinal complex surveys may have limitations such as initial non-response and measurement error of the covariates. Initial non-response can affect the representativeness of the sample, and measurements error of the covariates can bias the estimates significantly. For all the complex surveys (cross-sectional and longitudinal) conducted by Statistics Canada, the survey weights are computed by Statistics Canada methodologist and are provided in the data sets. These weights are computed to account for non-response, selection bias, stratification Predicted probability of mental distress over time with presence/absence of Asthma 
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and post stratification and are used for appropriate statistical analysis [34] . There are estimation procedures which adjust for measurement error. These estimation procedures can be explored to investigate whether or not adjusting for measurement error is significantly important, which consequently can be a topic for another manuscript.
Association between respiratory diseases and mental distress
In the present paper, we evaluated the longitudinal relationship between the presence of respiratory diseases (asthma and chronic bronchitis) and mental distress among Canadian NPHS participants who self-reported physician diagnosed asthma or chronic bronchitis, studied over a 10 year period (1994/1995 to 2001/2003) . Our analysis showed that there is a positive association between the physician diagnosed chronic bronchitis and an increased prevalence of mental distress.
According to World Health Organization, depression will be the second leading contributor to of the overall burden of illness in 2020 [35] . Stephens et al. published a comprehensive report on the mental health of the Canadian population [26] . Several studies [36] [37] [38] [39] [40] have reported that patients with bronchial asthma have higher than expected levels of psychiatric morbidity and our results support these findings. Dales et al. [40] reported a positive association between respiratory symptoms and psychological status indicators, and these findings were supported by Janson et al. [41] with respect to respiratory symptoms. However, Janson et al. [41] were unable to observe a positive association between bronchial asthma or objective asthma-related measurements and anxiety and depression. Based on our data, those who selfreported physician diagnosed asthma were significantly at a risk of having high-level mental distress compared to those who reported no asthma. This difference was not significant when adjusted for other covariates. Similarly, NPHS participants who self-reported a physician diagnosed chronic bronchitis were significantly at a high risk of having high-level of mental distress compared to those who reported no chronic bronchitis and this difference remained significant after adjusting for the other covariates. As reported by the World Health Organization, the relationship between poverty (defined as: lack of money or material possessions) and mental health is complicated [35] . Our data showed that subjects with low income and low education were at higher risk compared to those who had high education and high income.
It is hard to explain the decreasing trend over time (Figures 1 and 2 ) in the predicted probabilities of developing distress for those who self-reported health-care profesPredicted probability of mental distress over time with presence/absence of Chronic Bronchitis sional diagnosed asthma or chronic bronchitis. In contrast, predicted probability of developing distress is consistent over time for those participants who did not self-report these conditions. One of the possible reasons which could lead to the decreasing trend of distress among those who self-reported health-care professional asthma or chronic bronchitis is: Our study population is a closed cohort and participants who were sick either withdrew from the survey or were moved to institutions (and hence not included in the survey) or died. In order to explore this issue we need to compare stay-in participants with those who dropped out and use some of the handling missing data approaches to conduct an appropriate statistical analysis, which is a topic of another manuscript. This needs further investigation of comparison between participants who stayed-in to those who dropped out from the survey.
Conclusions
A positive association was observed between the physician diagnosed self-reported chronic bronchitis and an increased prevalence of mental distress when adjusted for important covariates. Variance estimates of regression coefficients obtained from the sandwich estimator (i.e. not accounting for design effects) were similar to bootstrap variance estimates (i.e. accounting for design effects). Even though these two sets of variance estimates are similar, it is more appropriate to use bootstrap variance estimates.
